Abstract-Due to the high maneuverability of unmanned aerial vehicles (UAVs), they have been widely deployed to boost the performance of Internet of Things (IoT). In this paper, to promote the coverage performance of UAV-aided IoT communications, we maximize the minimum average rate of the IoT devices by jointly optimizing the resource allocation strategy and the UAV altitude. Particularly, to depict the practical propagation environment, we take the composite channel model including both the small-scale and the large-scale channel fading into account. Due to the difficulty in acquiring the random small-scale channel fading, we assume that only the large-scale channel sate information is available. On this basis, we formulate an optimization problem, which is not convex and challenging to solve. Then, an efficient iterative algorithm is proposed using block coordinate descent and successive convex optimization tools. Finally, simulation results are presented to demonstrate the significant performance gain of the proposed scheme over existing ones.
I. INTRODUCTION
I nternet of Things (IoT) is one of the crucial applications of the ongoing fifth generation (5G) system [1] [2] [3] [4] [5] [6] . It significantly improves the quality of our daily life by connecting a large number of devices. Generally, IoT devices are energylimited [7, 8] , such as remote sensors. They are hardly able to Manuscript received Sept. 27, 2018; accepted Nov. 27, 2018 . This work was supported in part by Beijing Natural science Foundation (No. L172041), and the National Science Foundation of China (Nos. 61701457, 61771286, 91638205, 61671478 and 61621091). The associate editor coordinating the review of this paper and approving it for publication was L. Bai.
X. X. Wang, W. Feng, N. Ge. Beijing National Research Center for Information Science and Technology (BNRist), Department of Electronic Engineering, Tsinghua University, Beijing 100084, China (e-mail: wangxuanuxuan@tsinghua.edu.cn; fengwei@tsinghua.edu.cn; gening@tsinghua.edu.cn).
Y. F. Chen. School of Engineering, the University of Warwick, Coventry, CV4 7AL, UK (e-mail: Yunfei.Chen@warwick.ac.uk).
transmit over a long distance and difficult to be served by the IoT server.
Nowadays, utilizing unmanned aerial vehicles (UAVs) as an aerial base station (BS) to serve the ground IoT devices has attracted more and more interest [9] [10] [11] [12] [13] [14] [15] [16] . By leveraging the high mobility of UAVs, they are able to move sufficiently close to the IoT devices to collect the data from them, and then transmit it to the central processor. Thus, the UAV-aided IoT communications system becomes beneficial for coverage expansion and overhead reduction of the IoT networks. In addition, UAVs are usually cost-effective [17] [18] [19] . They are quite suitable for on-demand emergency mission in the IoT communications. Furthermore, the high maneuverability of UAVs could offer an additional degree of freedom to dynamically adjust the UAV altitude to best suit the queries from the IoT devices.
In the existing literatures, some researchers focused on maximizing the sum rate performance of a UAV-aided communications system [20] [21] [22] . In Ref. [20] , the authors studied the throughput maximization problem subject to the constraints on the source/relay transmit power, the relay trajectory, practical mobility and the information-causality. The authors in Ref. [21] maximized the approximate ergodic sum rate via dynamically adjusting the UAV heading. In Ref. [22] , the authors adopted the UAV as an aerial BS and analyzed both the UAV power and its sum-rate capacity gain. Some other works focused on the energy efficiency maximization to enhance the system performance [23, 24] . For example, the authors in Ref. [23] aimed to maximize the energy efficiency of UAV communications. By jointly optimizing the wake-up schedule of sensors and the trajectory of UAV, the authors in Ref. [24] minimized the maximum energy consumption of all the sensors to make sure the data can be reliably collected from the sensors. In addition, to analyze the outage probability of the system is also of vital importance for the performance enhancement. By analyzing the severe limitation imposed by a fixed-wing unmanned aircraft on the circular flight operation, the authors in Ref. [25] proposed a variable-rate relaying approach to optimize the achievable performance in terms of outage probability and information rate. In Ref. [26] , the authors derived the analytical expressions for the optimal UAV to minimize the outage probability of air-to-ground links. The authors in Ref. [27] analytically obtained and calculated the outage performance for the non-orthogonal multiple access based unmanned aerial vehicles satellite networks. In Ref. [28] , the authors studied the optimum placement of UAV as an aerial BS by deriving the overall outage probability and the overall bit error rate (BER).
Although these works have provided very useful guidance on optimizing the UAV-enabled communications system, they might not be directly used for the IoT environment, where coverage performance is a more important issue to be considered. In the IoT communications system, to support the on-demand mission, such as disaster relief operations, surveillance, forest fire monitoring and so on, a large amount of IoT devices are randomly scattered over a wide area for their different targets. Accordingly, how to enlarge the coverage of IoT communications is quite vital.
In fact, the coverage optimization problem of the UAVaided communications system has been partially studied. For example, the authors in Ref. [29] formulated the minimum average rate maximization problem by jointly optimizing the UAV trajectory and the ground nodes' uplink transmit power. In Ref. [30] , the authors considered the multipoint-tomultipoint UAV enabled wireless networks and aimed to maximize the minimum throughput subject to constraints on multiuser communication scheduling, UAV trajectory and power control.
These results have presented insightful results for coverage optimization. However, they may not be suitable for the IoT communications system. Considering the constraint on size and energy, coverage optimization problem in the IoT communications system should be rigorously designed so that each IoT could access the IoT network with minimum energy consumption. In addition, these studies in Refs. [29, 30] have assumed an ideal free-space model, which is usually not reasonable and cannot be used to model the link between the mobile UAV and the randomly-scattered IoT devices. To be practical, the UAV should be appropriately placed with a typical channel model. Furthermore, these results [29, 30] have assumed the full channel state information (CSI) condition, which is impossible for some mobile UAV-enabled IoT scenarios due to the difficulty in perfectly acquiring the random small-scale channel fading [31, 32] . Motivated by the above observations, in this work, we focus on the coverage optimization for a practical UAV-aided IoT communications system. We maximize the minimum average rate of all the IoT devices, by jointly optimizing the partition ratio of the time resource blocks and the UAV altitude. We consider the composite channel model, which consists of both the small-scale and the large-scale channel fading, to practically depict the typical propagation environment. In general, it is difficult to perfectly acquire the random small-scale channel fading. Thus, we use only the large-scale CSI because it is slowly-varying and can be achieved with quite low cost. This framework has been proposed in our previous work [33] . But therein we mainly considered to improve the system efficiency by maximizing the sum rate. In this work, we take a step further to consider coverage optimization of the UAV-aided IoT communications using only the large-scale CSI.
The rest of the paper is organized as follows. Section II presents the general UAV-aided IoT communications system model. Section III formulates the optimization problem to maximize the minimum average rate of the IoT devices, and proposes an efficient iterative algorithm. In section IV, simulation results are presented. Finally, conclusion is made in section V. Throughout the paper, · and |·| denote the Euclidean norm and the absolute value of a complex-valued scalar, respectively.
II. SYSTEM MODEL
As shown in Fig. 1 , we consider a mobile UAV-aided IoT communications system in which K (K > 1) IoT devices equipped with single antenna are supported by one singleantenna UAV which serves as a BS. In this system, UAV collects data from the IoT devices for connecting the server. Thus, we focus on the uplink communication from the IoT devices to the UAV. The downlink can be studied in a similar way from the UAV to the IoT devices. All the devices are located with a horizontal distance r i , i = 1, · · · , K to the UAV and an angle θ i , ∀i with respect to the UAV. In addition, all the IoT devices are arbitrarily distributed in the cell with a radius r c (r c max{r 1 , r 2 , · · · , r K }). Here, it is assumed that the cell locates at the center (0,0,0), and the coordinate for the IoT device i can be represented as (r i cos(θ i ), r i sin(θ i ), 0), where θ i is the corresponding angle for the device i.
IoT device data link In this system, we assume the UAV locates at an altitude h and flies around the IoT devices following a circular trajectory of radius r U in a cycling period T U . That is, UAV could periodically receive the signal from all the IoT devices during the flight. Thus, we have T U = 2πr U /v, where v is the velocity of the UAV. Within this circular trajectory, we assume the coordinate (r U cos(ϕ), r U sin(ϕ), h) as the UAV initial location, where ϕ is the corresponding initial phase parameter. Therefore, at the time constant t (0 t T U ), the time-varying trajectory for the UAV can be denoted as (r U cos(
In this case, the timevarying distance between IoT device i and the mobile UAV is
where θ i is the corresponding phase for IoT device i. Similarly, the path loss between the mobile UAV and IoT device i is [19] 
where f is the carrier frequency, c is the speed of light, η LOS , η NLOS , a and b are constants related to the propagation envi-
and ρ i (t) = 180
is the elevation angle of the mobile UAV relative to the IoT device i. Consequently, the absolute power loss between the mobile UAV and the IoT device i can be expressed as
In this case, the received signal at the mobile UAV transmitted by the IoT device i is
where p i represents the transmission power used by the IoT device i to transmit data, g i (t) is the small-scale fading coefficient following the Gaussian distribution according to CN (0, 1), z m is the additive white Gaussian noise (AWGN) at the mobile UAV and δ 2 = E{|z m | 2 } is the noise variance. Note that in this work, we assume p i , ∀i are constant when the IoT devices transmit data to the UAV. In this work, we assume all the IoT devices share the same frequency band for their communications with the UAV over a consecutive duration T > 0 in second(s). During this time, all the IoT devices operate via a periodic/cyclical time-division multiple access (TDMA). Here, we assume T = T U for simplicity 1 .
Note that, the continuous time variables significantly increase the difficulty for mobile UAV. For ease of exposition, we discretize the cyclical flying time T into N time slots, i.e., T = N∆t in Ref. [20] , with ∆t representing the length of the unit time slot, which is sufficiently small so that within each time slot, the distance between the mobile UAV and the IoT devices is considered as approximately unchanged whereas the small scale channel fading is time-varying. Furthermore, we assume it consists of amount of time resource blocks in each time slot. Denote a i [n] as the partition ratio of the time resource blocks for the IoT device i in the time slot n 2 . In this case, we have 0
Without loss of generality, we also specify the following constraint
in each time slot.
In the time slot n, the received signal at the mobile UAV from the IoT device i is
where
Then, the average achievable rate of the IoT device i within the flight is [30] 
where E(·) denotes the expectation operator.
III. COVERAGE OPTIMIZATION
In this section, we focus on the minimum average rate maximization for each IoT device 3 . Specially, let A = {a i [n], ∀i}. We address the problem by jointly optimizing the partition ratio of the time resource blocks A and the UAV altitude h for the mobile UAV-aided IoT communications system. The problem can be reformulated as
1 In the following, we directly adopt T to represent the UAV flying period for notational conciseness. 2 Here, the assignment a i [n], ∀i,n is feasible for different IoT devices in the uplink transmission. That is because that, based on the assumption, all the IoT devices operate via TDMA in this work. 3 Note that in this work, we consider the coverage optimization by maximizing the minimum average rate for all the IoT devices. That's because the minimum average rate maximization can achieve the fairness for all the IoT devices.
where Eq. (8c) comes from the constraint Eq. (5). In fact, the problem is quite intractable due to the complicated objective function with respect to the altitude h. Because of the expectation operator E(·), the objective function presents the form of integrals and is difficult to be expressed in a closed form in terms of h. Therefore, problem (9) is challenging to solve with the non-closed-form expression of the achievable average ratē r i with respect to h. Before the further derivation, we define κ(
as the minimum average rate for simplicity. In this case, the optimization problem can be recast into
In the following, we first derive the closed form of the achievable rater i in Eq. (7) so as to remove the expectation operator E(·), and then propose an efficient iterative algorithm for the problem.
A. The Closed Form of the Achievable Average Rater i
Based on the remarkable studies [34, 35] , we introduce the closed form of the achievable average rater i by applying the random theory matrix as
where µ i,n , i = 1, · · · , K can be uniquely defined as the following fixed-point equation
Based on Ref. [34] , it is easy to know the performance gap betweenr i andr ap i can be negligible. Thus, the above approximation is quite accurate.
In IoT communications system, most IoT devices generally have the limited energy. In addition, in some complex communication environment, e.g., downtown, urban and rural areas, there exist a large number of noise sources, which significantly influence the signal transmitted by the IoT devices. Thus, IoT communications system usually has low SNR. In this case, the fixed-point equation µ i,n can be further approximated as
where (a) holds due to the fact that with low SNR assumption, it follows δ 2 ≫ p i
. (b) holds due to the fact that
approaches 0 based on the low SNR assumption. As a result, we haver
B. An Iterative Algorithm for the Minimum Average Rate Maximization
Based on the closed form of the achievable average rater i derived in subsection III.A, problem (9) can be further reformulated into
Since the constraint (14b) is not convex with respect to h as illustrated in Fig. 2, problem (14) is not convex. In the following, to tackle the non-convex difficulty, we propose an effective scheme for the non-convex problem (14) by using the block coordinate descent [36] , in which the partition ratio of the time resource blocks A and the altitude h are alternately optimized in each iteration.
1) The optimization of the partition ratio of the time resource blocks A For any given altitude h, the optimization of the partition ratio of the time resource blocks A can be recast into 
Problem (15) is convex, which can be solved by the toolbox CVX. 2) The optimization of the altitude h For any given partition ratio of the time resource blocks A, the optimization of the altitude h can be rewritten as
Note that problem (16) is neither a convex nor concave problem due to the non-convex constraint (16b), which can be depicted in Fig. 2 . In general, there is no efficient method to obtain the optimal solution.
To handle the non-convexity of the constraint (16b), we adopt the successive convex optimization technique, in which the original optimization function can be approximated in a tractable one at a given local point in each iteration. Let h (q) be the local point of h at the qth iteration in the successive convex optimization technique. Then,r ap i can be lower-bounded by its first-order Taylor expansion around the point h (q) .
For the IoT device i, since the absolute power loss at the nth time slot Q i [n] is related to the elevation angle of the mobile UAV relative to the IoT device i and the distance between them, it is quite complicated. To facilitate the first-order derivation ofr ap i at the local point h (q) , we first consider the first-order derivation of Q i [n] at the local point h (q) . Here, we set
The first-order derivation of
The first-order of
By taking the first-order Taylor expansion at the local point h (q) ,r ap i can be lower-bounded bȳ
Thus, with the local point h (q) and the lower boundr 
where κ aplb is the lower bound of κ. Now problem (21) is convex, and can be solved by the toolbox CVX. By iteratively optimizing Eq. (21) at the given point h (q) which is updated in each iteration, problem (16) can be solved. The details are summarized in Algorithm 1. According to the analysis in Refs. [23, 24] , it is clear that the resulting objective value of problem (21) in Algorithm 1 is nondecreasing in each iteration. Accordingly, Algorithm 1 could be guaranteed to converge.
Algorithm 1
The proposed algorithm for solving problem (16) 1: Initialize: the UAV altitude h (0) and the accuracy ε > 0. Set q = 0.
2: repeat

3:
Solve problem (21) for given h (q) to obtain the optimal solution h (q+1) .
4:
5: until The fractional increase of the objective function is below the threshold ε > 0.
The overall algorithm for problem (9) can be achieved by alternately solving problem (15) and problem (16) in an iterative manner. The details of the algorithm can be summarized in Algorithm 2.
Algorithm 2
The proposed algorithm for solving problem (9) 1: Initialize: the UAV altitude h (0) and the accuracyε > 0. Let k = 0.
2: repeat
3:
Solve problem (15) for given h (k) to obtain the optimal A (k+1) .
4:
Solve problem (16) for given A (k+1) and h (k) using Algorithm 1 to obtain the optimal h (k+1) .
5:
6: until The fractional increase of the objective function is below the thresh-
Next, we analyze the convergence of the proposed Algorithm 2. It is pointing out that to achieve the optimal altitude h, problem (16) is solved through its approximate problem (21) based on Algorithm 1. Thus, we cannot directly apply the general convergence analysis that is for the classical block coordinate descent method [24, 30] . In the classical block coordinate descent method, each optimization problem in each block should be strictly solved with its exact optimality in each iteration [36] . Thus, we make a further convergence analysis for our proposed scheme.
Based on problem (15), problem (16) and its approximate problem (21), we have
where κ(A, h) has been defined prior to problem (9) . (a) holds due to the optimal solutions of problem (15) with the given altitude h (k) ; (b) holds due to the convergence of Algorithm 1;
is the optimal solution of problem (21) with the given A (k+1) , and (d) holds since the objective value of problem (21) is the lower bound of that of problem (16) at h (k+1) with the given A (k+1) . The result in Eq. (22) indicates that the objective value of problem (14) is non-decreasing in each iteration of Algorithm 2. Thus, the proposed Algorithm 2 can be guaranteed to converge.
IV. NUMERICAL RESULTS AND DISCUSSION
In this section, we verify the effectiveness of our proposed scheme by means of simulation 4 . We set the frequency f = 2.4 GHz, the speed of light c = 3 × 10 8 m/s and the corresponding initial phase parameter ϕ = Here, we set T = 100 s. It can be seen that the path loss first reduces quickly as the altitude h increases. Once it achieves the lowest point, it increases when the altitude h becomes high. Obviously, there must exist an optimal h that makes the path loss achieve the lowest point. In this case, the system has the best performance. In addition, it can also be seen that the path loss has a high dependence on the practical propagation environment.
In order to show the performance of Algorithm 2 in our proposed scheme, in Fig. 4 , we compare the minimum average rate achieved by the proposed scheme using the optimal h with that obtained by the conventional scheme using a fixed h [30] in the suburban environment, where we assume the noise variance δ 2 = −80 dBm, the transmission power of all the IoT It can be seen the minimum average rate achieved by Algorithm 2 significantly outperforms that with the fixed h. That's because by optimizing the altitude h, the mobile UAV could locate a best altitude to adapt the communication with the randomly-scattered IoT devices during its flying period. In this case, there is the lowest path loss (as illustrated in Fig. 3 ) between the UAV and the IoT devices. Thus, IoT devices could achieve the best average rate. In contrast, fixing the UAV's altitude would restrict the potential of the UAV's mobility. Accordingly, it is impossible to achieve the optimal altitude for the mobile UAV. It can be observed that in the different propagation environments, the achievable minimum average rate presents the various behavior. That comes from that the optimal h is highly dependent on the practical urban environment, which could result in the difference of the minimum average rate when we derive the average rate by our proposed scheme. In addition, it can also be seen that as the flying period becomes large, the minimum average rate increases. The largest minimum average rate is achieved in the urban area, and the smallest minimum average rate is obtained in the highrise urban area. Fig. 6 illustrates the comparison between the minimum average rate obtained by our proposed scheme with optimal h and that obtained by the existing scheme with the fixed h [30] in terms of different transmission powers. We assume δ 2 = −80 dBm, T = 700 s and v = 2 m/s. We also set the initial value h (0) in Algorithm 2 is 100 m. Here, we consider the suburban environment. It is easy to see that the minimum average rate obtained by Algorithm 2 is larger than that obtained by the existing scheme. With the optimization of UAV altitude, UAV could adaptively choose the best placement to communicate with the IoT devices. In this case, the absolute power loss achieves the lowest, and the minimum average rate is largest. In addition, the minimum average rate increases as the transmission power increases. That is due to the fact that the achievable rate of all the IoT devices within the flight increases with the transmission power. In this paper, we investigated the UAV-aided IoT communications system, and considered the coverage optimization problem for this system with partial channel knowledge. Specially, we maximized the minimum average rate by jointly optimizing the partition ratio of the time resource blocks and the UAV altitude. To characterize the practical propagation environment, the composite channel model including both the small-scale and the large-scale channel fading was adopted. Full CSI assumption was not available because it was impossible to acquire the time-varying small-scale channel fading in practice. We only used the slowly-varying large-scale channel fading. The formulated problem was not convex. An efficient iterative algorithm was proposed by means of the block coordinate descent and the successive convex optimization technique. Numerical results have demonstrated that the performance with the altitude optimization significantly outperformed that with the fixed altitude. Furthermore, the results also implied that the performance of the UAV-aided IoT communications system was strongly dependent on the specific urban environment.
